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Introduction
India ranks among the world's largest as well as most densely populated countries. While labour is abundant in India, skilled workers continue to be in short supply despite considerable investments aimed at improving the skill level of the labour force. Despite the shortage of skilled labour, growth in real gross domestic product (GDP) has averaged over 7 per cent over the last 20 years. The question is whether the present growth model is sustainable.
Inequality too has been increasing in India. Economic growth is leaving behind low-and middleincome households, which may have consequences for human capital accumulation: 'high levels of inequality impede sustained development and growth through numerous channels' (World Bank 2018: 6) . Human capital accumulation arguably denotes one of these channels and may well be the most important channel. 'Inclusion is therefore needed not just to address the wide inequalities in India, but to ensure that growth can be sustained over decades ' (World Bank 2018: 2) .
This highlights the fact that productivity and socio-economic progress are interconnected. Economic growth helps fund policies that bring about socio-economic progress. Equally important, socio-economic progress serves as an engine for productivity growth. When socioeconomic mobility (or equality of opportunity) is low, perfectly talented individuals may not be given the opportunity to reach their full potential due to circumstances that are entirely beyond their control (such as the family and neighbourhood they are born into). This leads to a waste of human potential. Public policies that aim to level the playing field will arguably raise the aggregate stock of human capital and thereby stimulate economic growth. Furthermore, since the waste of human potential tends to be concentrated towards the bottom of the income distribution, the growth brought about by these public interventions will in all likelihood be of an inclusive nature.
Public investments in education and health have helped improve education outcomes, including for individuals who are socio-economically disadvantaged. Public policies vary at the state level, and the degree of success has arguably been uneven. There continues to be a significant variation in education outcomes between states and presumably also within states. Important gaps in outcomes between individuals from different socio-economic backgrounds still remain: 'The task of upgrading India's human capital is therefore urgent to ensure that a more productive workforce is available to meet the demand for labor in globally competitive industries' (World Bank 2018: 8) .
Does the lack of human capital accumulation in part stem from low levels of socio-economic mobility in India? If indeed, how does this impact on the income growth prospects for low-, middle-, and upper-income households? In a recent global study, Narayan et al. (2018) identify India as a country with some of the lowest rates of intergenerational mobility in the world. Given the size of the country, however, it is conceivable that economic mobility exhibits considerable within-country variation. Is there a land of opportunity in India? Where are the most and least economically mobile municipalities located? And what municipalities have made the most (and least) progress over time?
The objective of this study is twofold. First, we build a database for India that tracks socioeconomic mobility and human capital accumulation at the sub-national (say district) level over the last 30 years, and examine the trends and patterns in mobility and human capital. Drawing from a variety of different data sources, the following variables are also added to this district level panel dataset: (a) household expenditure growth for the low-, middle-, and upper-income class, (b) inequality in household expenditure per capita, (c) demographics, (d) employment variables, (e) domestic infrastructure connectivity (capturing domestic market integration), (f) financial inclusion, and (g) selected political variables (i.e. voter turnout, political competition). Second, we use these data to address the questions listed in the preceding paragraph. Specifically, we will verify whether intergenerational mobility impacts on future growth, affects the 'inclusivity' of this growth, and whether human capital accumulation denotes a plausible channel.
Our primary source of data is the National Sample Surveys (NSS) of India for the years 1983, 1987, 1993, 1999, 2004, and 2011 . This allows us to track socio-economic progress for roughly 60 state-regions over time. Specifically, we use the state-regions constructed by Lanjouw and Murgai (2009) that accounts for merging and splitting of the sub-national units over this extended time period.
The remainder of the paper is organized as follows. Sections 2 and 3 introduce the measures of intergenerational mobility and the sources of data that we will be working with, respectively. Section 4 presents an overview of the trends and patterns in intergenerational mobility, inequality, and growth in India. The main results that document the relationship between intergenerational mobility, human capital accumulation, and inclusive growth are presented in Section 5. Finally, Section 6 concludes.
Measures of intergenerational mobility
Socio-economic mobility has been interpreted in several ways, both in the economic and in the sociological literature. This paper focuses on measures of relative mobility between generations in terms of educational attainment. Relative intergenerational mobility is the extent to which an individual's position on the socio-economic scale is independent of the position of his or her parents. Socio-economic mobility defined this way is consistent with the interpretation of mobility as 'origin independence' applied to an intergenerational context. A society with high relative intergenerational mobility is one where an individual's achievements is influenced less by the individual's origin (his or her parents) and more by his or her human potential. Origin independence is closely related to the idea of equality of opportunity (Roemer 1998) .
Three different measures of mobility will be considered: (a) the expected rank of a child (in the child education distribution) whose parents are in the bottom 50 per cent of the parent education rank distribution [a measure that is advocated by Asher et al. (2018) ], (b) the statistical correlation between the years of schooling of parents and the years of schooling of their children (Van der Weide and Milanovic 2018), and (c) the share of inequality in years of schooling that is due to differences in parental education background (i.e. the share of 'between inequality' over total inequality). Ideally, a subgroup decomposable inequality measure is used, such as the 'mean log deviation' (or other members of the general entropy family). The latter measure is borrowed from the literature on inequality of opportunity (Ferreira and Gignoux 2011) , and would potentially allow one to expand the set of circumstances that are beyond the control of the individual.
The first of these three measures will serve as our preferred measure [see Asher et al. (2018) for a discussion]. We will be referring to this measure as 'upward mobility'.
Focusing on intergenerational mobility in education has pros and cons. One advantage is that it does not matter at what age we measure an adult's level of education; after completing your education it stays with you for life. The same is not true for income, for example, which varies across a person's life-cycle. Unlike income, however, education data tend to be relatively coarse. This has implications for identifying the individuals whose parents are in the bottom half of the parent education distribution. This requires that one is able to unambiguously rank parents from the 1st to the 99th percentile. But if 60 per cent of parents do not have any education for example, then it is not clear what parents define the bottom half exactly. One pragmatic solution is to randomly break ties. If all individuals with uneducated parents have identical odds of completing a given level of education, then this pragmatic decision should have no bearing on our estimate of upward mobility. This decision is less innocent, however, if there is some latent ordering in the human potential among these individuals. Under this assumption, Asher et al. (2018) derive upper and lower bounds for upward mobility that can be computed on the basis of the observed coarse education data. The larger the margin by which the share of least-educated parents exceed 50 per cent, the larger the degree of ambiguity, and the larger will be the bounds on upward mobility. This logical prediction is confirmed by our data.
We will use the measure that randomly breaks ties between parents as a point of departure, and then apply the smallest possible correction that forces it within the bounds. In effect this means replacing the measure of upward mobility with the upper bound if it otherwise exceeds the upper bound, and replacing it with the lower bound if it otherwise falls below the lower bound. A graphical illustration of this correction is presented in the next section.
Data
The primary data on education and living standards come from thick rounds of the Household Consumer Expenditure schedule of the National Sample Survey (NSS) of India. We use the NSS rounds collected in 1983 in , 1987 in -88, 1993 in -94, 1999 in , 2004 in -05, and 2011 in -12. The 1983 survey round was carried out between January and December, while in the other rounds data was collected from July to June the following year (NSSO 1983 (NSSO , 1988 (NSSO , 1994 (NSSO , 2000 (NSSO , 2005 (NSSO , 2012 . These surveys also provide a rich set of socio-economic variables including the industry and occupation type of the primary economic activity of households.
Each NSS round constitutes a population representative survey for India with over 100,000 interviewed households. Because we are interested in intergenerational mobility and the distribution of living standards and education, our unit of observation is at the state-region level, which is an administrative unit between districts and states. The definition of states and regions changed during the study period due to the creation of new states. We follow Lanjouw and Murgai (2009) in harmonizing the state-regions to the state and region definitions used in the 1999-2000 NSS round, which included the newly created states of Jharkhand, Chhattisgarh, and Uttaranchal. Some of the resulting 77 state-regions have a sample size of less than 1,000 households. We merge these following geographic considerations to arrive at 54 state-region units. Appendix A1 describes the construction of the unit of observations in detail. Hence, our core sample includes 324 observations.
In the following, the construction of the variables used in the analysis is described in detail. For some of the variables describing the economic and political conditions during the survey period, we complement the information from NSS with a number of other data sources. This is indicated in the descriptions of each of the following sub-sections.
Consumption expenditure
We capture the changes in living standards using the monthly per capita consumption expenditure (MPCE) of the households. We use the MPCE calculated using mixed reference periods following the recommendation of the Tendulkar Committee. To account for spatial and temporal differences in consumption expenditure, we calculate real consumption expenditure at 2004 rural all-India prices using a series of consumer price indices. 1
Following established practice, we use the consumer price index for agricultural labourers (CPI-AL) for rural areas, and the consumer price index for industrial workers (CPI-IW) for rural areas. These indices are available for the 16 major states in India. 2 Values for the smaller states are imputed based on spatial proximity. Additionally, we use the poverty lines of 2004-05 to harmonize price levels between states and urban-rural sectors (see Appendix A2 for further details).
Using the resulting real per capita consumption expenditure, we calculate different percentiles (10, 25, 50, 75, 90, and 95 per cent) at each state-region and survey year using population weights from the NSS. Annualized consumption expenditure growth is then calculated for each of these percentiles, taking into account the different intervals between the NSS rounds used in the study.
To measure inequality in consumption expenditure, we use the mean logarithmic deviation (MLD). For a consumption distribution y, MLD is defined as
where wi denotes the population weight of individuals in the sample with ∑ =1 = 1, and n is the sample size. We calculate MLD at each state-region and survey year.
Human capital
The main variable of interest is intergenerational mobility in education. Therefore, we focus on the educational attainment of boys in the age group 20-25 years, who still reside with their father. This group is old enough to have mostly completed their education. Figure 1a shows that about 19 per cent of boys were still enrolled in education at the age of 20 years in 1999 (13 per cent in 1983). At the same time, this group is young enough to have a significant share still living with their parents. According to Figure 1b , 73 and 82 per cent of 20-year-old boys and 49 and 56 per cent of 25-year-old boys still lived at home in 1983 and 1999, respectively. The figure also reveals the gap between boys and girls in terms of enrolment in education and home-leaving age. As a result, our data do not allow us to draw inference on the intergenerational mobility of girls.
We measure educational attainment as years of schooling. In the NSS, information on the general education level was collected for all household members, which we used to calculate the years of education using the following conversion rates: 0.1 years for illiterates, 0.5 years for literates without formal schooling, 2.5 years for literates below primary level, 5 years for primary school, 8 years for middle school, 12 years for secondary and higher secondary graduates, and 16 years for graduates and above. 3 Source: Authors' compilation based on data from NSSO (1983 NSSO ( , 2000 .
For the educational attainment of fathers, we distinguish between five categories: illiterates, below primary level, primary school, middle school, and secondary and higher education, which are derived from the above-mentioned seven categories.
In the analysis of human capital accumulation, we condition the son's years of education on the father's level of education. Hence, we calculate changes in the years of education of boys by their father's education level.
Intergenerational mobility
We calculate different intergenerational educational mobility measures for boys in the age group 20-25 years, who still reside with their father. Our main measure of intergenerational mobility is upward mobility: the expected outcome of a son born into the bottom half of the parent outcome distribution. This rank-based approach has the advantage that is comparable across time. However, the coarse measure of educational attainment makes it difficult to provide a point estimate (Asher et al. 2018) . We follow the indicator proposed by Asher et al. (2018) , which overcomes this problem by putting bounds on the upward mobility measure. We refer to these as Asher-Novosad-Rafkin (ANR) bounds. 4
One of the requirements of upward mobility measures is the monotonicity of the rank distribution. For some of the lower education categories, we find that monotonicity is violated in some of the state-regions. Therefore, we merge the lower three categories, and use the following five education categories when calculating upward mobility: below primary, primary, middle school, secondary and higher secondary school, and graduates and above. In addition, we calculate the ANR bounds only when at least 50 son-father pairs are available in the state-region and year. This condition is satisfied for all but one observation (state-region 4 in 1983) . We impute the values from the 1987 survey for this observation.
The ANR bounds are less precise when a substantial proportion of the population falls into the lowest education level. In the context of India, especially in the 1980s and 1990s, more than half of the fathers were still illiterate in many state-regions. Therefore, we also calculate point estimates of upward mobility using a random tie-breaking algorithm to assign unique ranks to both fathers and sons. We use this point estimate for state-regions and years where the estimate falls into the ANR bounds, and apply the smallest possible modification that forces it within the ANR bounds. Figure 2 demonstrates the construction of our upward mobility measure for one of the stateregions.
Another measure of intergenerational educational persistence is the share of education inequality explained by the father's education level. We use the son's years of education (as described) to calculate total inequality and inequality by the father's level of education. For the father's education level we use the following five categories: illiterate, below primary, primary school, middle school, and secondary and higher education. These categories were selected with the consideration of having a reasonably balanced share of fathers in each category.
When constructing the correlation coefficient between the father's and son's years of education, we use the years of education as described earlier. In addition, we calculate the correlation coefficient only when at least ten son-father pairs are available in the state-region and year. Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) .
Demographics
Information on the share of working age population (ages 16-64 years), the share of population adhering to different religions, and the share of urban population comes from the NSS. Urbanrural classification is from the NSSO. 5 Historical data on the share of Brahman (in 1909 and 1931) and scheduled tribes and scheduled castes (between 1951 and 2001) in the population are provided by Castelló-Climent et al. (2017) . The dataset contains information at the district level for 500 districts in 20 states. We match the districts to the state-regions following the definition of regions and their compositions according to NSSO (2000) , and aggregate the variables to the state-region level.
Economic conditions
Variables on economic conditions come from a number of different data sources. Information on the share of agriculture, manufacturing, and services sector is calculated using the industry and occupation classification of the main household activity from the NSS. Information was provided using three digit industry and occupation codes following the National Industrial Classification and National Classification of Occupations. Changes in these registers were harmonized at the two-digit level, and households were grouped into one-digit industry and occupation categories, which are detailed in Appendix A3.
We calculate access to electricity using information on the lighting source in the NSS. We define access as having at least one household in the primary sampling unit (consisting of about ten households) that uses electricity as the source of light.
Data on access to banking come from statistical tables published by the Reserve Bank of India (see RBI 1998 RBI , 2000 RBI , 2005 RBI , 2012 . Information is available on the number of bank offices, officers, deposits, and credit for all the NSS years at the state level for all states except for the newly created states of Jharkhand, Chhattisgarh, and Uttaranchal. For these states, we use the values from the states where they were carved out of. In the analysis, we use data on the number of bank offices per capita. In order to calculate this variable, we use state-level population data from the census of 1991, 2001, and 2011. We use log-linear extrapolation/interpolation to calculate the population of states for the survey years.
We follow Allen and Atkin (2016) to construct a measure of market access using the (inverse) travel-time weighted size of market that can be accessed from a location. We proxy the size of market using population size. Allen and Atkin (2016) provide data over the bilateral highway travel times between districts over time for 308 districts in 19 states. District-level population data are provided by the ICRISAT Village Dynamics in South Asia Macro-Meso Database (VDSA), which can be matched to the travel times data for all the NSS years. Using these sources, we calculate market access at the district level as
where Pjt is the population of district j in period t. For our analysis, we aggregate the resulting district-level variable to the state-region level.
Politics and public finance
In order to control for public policy during the survey period, we use data on the total state government expenditure and state expenditure on education as a share of the state's GDP. We measure the political climate using voter turnout and political competition. The latter is measured as the difference between the vote share of the largest and second largest parties following Besley and Burgess (2002) . These data are also available in the EOPP Indian States Database compiled by STICERD using statistics from Butler et al. (1995) and the Electoral Commission of India, covering voter turnout and the number of seats won by parties in 16 states of India for the period of 1949-2002.
For all the variables discussed in this section, Table 1 summarizes the annual means and the total sample size. 1983 1987 1993 1999 2004 2011 N observations Log real consumption expenditure 10th percentile 5.48 5.60 5.64 5.78 5.79 6.01 324 25th percentile 5.76 5.83 5.86 6.00 6.01 6.22 324 50th percentile 6.07 6.11 6.12 6.26 6.27 6.49 324 75th percentile 6.42 6.41 6.40 6.56 6.59 6.81 324 90th percentile 6.78 6.73 6.71 6.88 0.08 0.08 0.08 0.08 0.08 0.08 288
Notes: MLD, mean logarithmic deviation; GDP, gross domestic product. Population weighted averages of stateregions.
Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005 and 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 , Census of India (2001 , 2011 ), Castelló-Climent et al. (2017 , Government of India (2012-15a, 2012-15b), ICRISAT (n.d.), and STICERD and LSE (2005-19) .
A first look at the data
Between 1983 and 2011 the per capita GDP in India grew by an average of 4.3 per cent. At the same time, the average annual growth rate of per capita real consumption expenditure was 1.5 per cent. Figure 3a reveals signs of the structural changes that the Indian economy underwent during the three decades. In 1983, the poorest state-regions especially in the north-east showed the strongest economic performance as indicated in Figure 3b . By 2011, the pattern reversed and economic growth was concentrated in the relatively better-off areas, especially in the southern zone and also in the western and northern zones. The figure also highlights that there was substantial variation in the growth rates among the state-regions in 1983 and 2011. Source: Authors' compilation based on data from NSSO (1983, 1988, 2005, 2012) and Government of India (2012-15a, 2012-15b) .
Until the early 1990s, economic growth was mainly driven by the agricultural sector as a result of the green revolution. This had a poverty reducing effect (see Figure 5 ) and reached rural areas in particular while also benefiting the urban poor (Datt and Ravallion 2011) . Figure 4 reveals that consumption expenditure growth was indeed the highest among the poorest (lowest consumption percentiles) between 1983 and 1987. The macroeconomic crisis that hit the Indian economy in the early 1990s is also visible in the figure for the period 1987-93, when consumption expenditure growth was close to zero for all consumption percentiles. Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) and Government of India (2012-15a, 2012-15b).
The crisis triggered economic reforms to restart the Indian economy and to control inflation and the balance of payments deficit. The reforms focused on liberalization of trade (by reducing import and export taxes) and industrial activities (by abolishing licensing and through privatization), and encouraged foreign direct investment into high technology and high-investment sectors. As a result, the Indian economy boomed in the past decades. 6 Economic growth has been mainly driven by the manufacturing and construction industries, hence the economic opportunities shifted to urban areas and mostly bypassed many of India's poor (Datt and Ravallion 2011) . As a consequence, after the 1990s consumption growth was higher among the higher expenditure percentiles compared with the lower percentiles ( Figure 4 ) leading to growing consumption inequality ( Figure 5 ) both within and between state-regions. Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) and Government of India (2012-15a, 2012-15b).
As discussed, Figure 5 shows that in all zones of India consumption expenditure inequality (solid line) decreased in the 1980s and early 1990s, but increased in the late 1990s and 2000s. Both Figures 5 and 6 show that consumption expenditure inequality nonetheless improved somewhat between 1983 and 2011 in many state-regions. In Figure 6 , darker areas are associated with lower consumption inequality. We can observe a substantial variation in inequality among the stateregions, with the southern zone displaying the highest inequality and the north-eastern zone having the lowest inequality.
At the same time, inequality in education reduced substantially between 1983 and 2011 as shown in Figure 5 (dashed line). This is a very welcome achievement, as still around one in three boys between 20 and 25 years of age was illiterate in 1983. The literacy rate and educational attainment increased considerably over the past decades in large part due to affirmative action programmes targeting the scheduled castes, scheduled tribes, and other backward castes (Desai and Kulkarni 2008; Azam and Bhatt 2015) . Note: Inequality is measured by mean log deviation.
Source: Authors' compilation based on data from NSSO (1983 NSSO ( , 2012 and Government of India (2012-15a, 2012-15b) .
The stratification of Indian society by castes, religion, and ethnic boundaries is reflected in inequalities of educational attainment of the different groups (Desai and Kulkarni 2008) . Affirmative action policies were put in place in the form of quotas for political representation, public employment, and (higher) education since independence in 1947. In addition, a number of schemes were introduced to promote education among the above-mentioned disadvantaged groups in the form of midday meals, scholarships, free secondary schooling, uniforms, and books (Desai and Kulkarni 2008; Cassan 2019) . Cassan (2019) finds that these measures contributed to a 10 percentage point increase in literacy and a 7 percentage point increase in secondary school attainment driven exclusively by the increased educational attainment of boys. Despite these improvements, our data show that, in 2011, 10 per cent of boys in the age group 20-25 years remained illiterate, and the rate was 21 per cent among girls of the same age.
We focus on the human capital accumulation of boys aged 20-25 years who still live with their father. In line with Asher et al. (2018) , we find a positive bias (between 0.35 and 0.58 years of schooling or between 4 and 9 per cent) for the educational attainment of co-resident boys compared with all boys in the same age group. Figure 7 shows the distribution of the education level for boys (a) and their father (b) in the six zones of India. The most pronounced development is the increase in the proportion of boys with at least high school education from 23 per cent in 1983 to 55 per cent in 2011. As the figure shows, the central and eastern zones lag behind somewhat in the share of high school graduates as a result of a larger share of boys quitting school before high school.
The increase in father's education follows behind the boy's with a generation lag, and we also observe a significant reduction in the illiteracy rate for this group from 54 per cent in 1983 to 39 per cent in 2011. Again, we also observe regional variation in literacy rates and their rate of change, with the north-eastern and southern zones showing the highest literacy rates and the central, northern, and western zones booking the largest gains in literacy between 1983 and 2011. Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) .
In the analysis, we measure human capital using years of education. Figure 8 shows the distribution of the average years of education attained by boys in the above-described study cohort. In 1983, the average years of education ranged between 3.5 and 8.9 years (excluding Delhi), with a mean of 5.6 years. By 2011, it increased to between 7 and 11.9 years, with a mean of 9.6 years, which is a sizeable improvement as the darkening of the map also indicates. Source: Authors' compilation based on data from NSSO (1983 NSSO ( , 2012 .
Is this improvement in years of education universally distributed in society or does parental education determine the educational attainment of their children? Looking at Figure 9a , which shows the average years of education of boys conditional on their father's education (solid line), we observe a positive correlation between the father's and son's education level. The dashed line also reveals the change in the share of fathers in each education category. Particularly, the share of illiterate and higher educated fathers changed significantly over time.
As a result, we analyse the human capital accumulation of boys conditional on their father's level of education. Figure 9b shows a similar pattern for human capital accumulation at all education level of fathers. Gains in human capital were the highest in the late 1980s and 2000s. In the 1990s, gains in educational attainment were mostly achieved by the least privileged groups with illiterate fathers. Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) .
Turning to intergenerational mobility in education, it is not surprising that the period with high illiteracy rate but also large improvements in literacy exhibits the highest levels of upward mobility.
Comparing the map of upward mobility in 1983 in Figure 10a with that of years of education in Figure 8 , the negative correlation between the two indicators is visible in 1983 (correlation=−0.38).
As the level of education increased in the population, this negative correlation became weaker and changed sign. In 2011, the correlation between the two indicators was 0.22. Figure 11a indeed indicates that the zones with the highest education level (north-eastern and southern) display the most stable upward mobility pattern over the study period, while we observe a reduction in upward mobility in the other zones. Source: Authors' compilation based on data from NSSO (1983 NSSO ( , 1994 NSSO ( , 2000 NSSO ( , 2012 . Intergenerational persistence in education is measured by the correlation coefficient between the years of education of sons and fathers. The dashed line in Figure 11b shows the share of education inequality that is explained by the education level of the father, where education inequality is measured by the mean log deviation.
Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) .
Other measures of intergenerational educational persistence can provide additional insight for assessing socio-economic mobility in India. Azam and Bhatt (2015) find that educational persistence measured by the regression coefficient of father's education as a predictor of son's education also declined over time, which supports our observation that increases in average educational attainment are driven primarily by increases among sons of less-educated fathers.
The solid line in Figure 11b shows the correlation coefficient between the years of education of sons and fathers based on the same regression specification. Similar to Azam and Bhatt (2015) , we do not find the same declining trend for the correlation coefficient as for upward mobility, which indicates that while persistence declined at the lower end of the father's educational distribution, it increased at the top end as high school graduation is becoming more universal in India.
We can capture a different aspect of intergenerational educational persistence using the share of education inequality that is explained by the father's education level. The dashed line in Figure 11b suggests that the relative importance of parental education in education inequality did not change much in the past decades. It remained about 10 per cent in most zones despite the declining overall inequality in education.
Based on these figures, it is difficult to find a common pattern regarding educational mobility in India. While Figure 12 shows the expected negative correlation between intergenerational mobility and persistence measures, the trends in Figure 11 often appear rather flat. And in other cases, where we do observe some changes, the different measures do not agree on the direction of the trend. Therefore, we do not find conclusive evidence in the data that socio-economic mobility is improving in India. At the same time, the data indicate that education outcomes improved at least at the lowest end of the distribution. Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) .
Before turning to the regression analysis, it is worthwhile to take a look at some of the trends in the Indian economy, as displayed in Table 1 . Over the survey period, we observe an increase in the share of services and manufacturing industries in the economy (from 22 to 33 per cent and from 15 to 24 per cent, respectively), and an improvement in the access to electricity (from 58 to 88 per cent), banking, and markets. It is important to control for these and other general socioeconomic development trends as the past decades in India were characterized by significant developments in many aspects. This makes the study of India in the context of economic growth, human capital accumulation, and intergenerational mobility an interesting case.
Results

Identification strategy
Taking state-regions as the unit of analysis, we attempt to identify the causal effect of intergenerational mobility on future growth in household expenditure per capita at different rungs of the socio-economic ladder. Our main specification takes the following form:
with lnyit(p)=lnyit(p)−lnyit−1(p), where lnyit(p) is real household expenditure per capita at the p-th percentile for state-region i in year t, Mit−1 is a measure of relative intergenerational mobility, xit is a vector of control variables for state-region i that may vary with time t, i(p) denotes zone fixed effects (FEs), and t(p) denotes time FEs.
The zone FEs control for local features that are time-invariant such as local climate, geographic conditions, and local culture. The year effects control for time-varying conditions at the all-India level, including changes in global food and commodity prices, terms of trade, and shifts in public policy. To account for time-varying features at the state-region level that could affect both socioeconomic mobility and household expenditure growth, we also control for total inequality in household expenditure per capita, the share of working age individuals (between the age of 16 and 65 years), the average years of education among working age individuals, sectoral composition of the labour market (share working in manufacturing and share working in services), share of households with access to electricity, financial inclusion (log of number of banks per capita), share of urban population, and share of Christians. All controls are lagged by one period.
In the regression analysis, we drop between one and three observations (depending on the choice of percentile) that are identified as outliers based on standard regression diagnostics; the studentized residual exceeds four and/or the Cook's distance exceeds 0.1. All outliers correspond to small state-regions and the survey round from 1983. The final sample used in the ordinary leastsquare (OLS) regressions (with lagged independent variables) ranges between 267 and 270 observations. The number of observations used in our instrumental variables regressions reduces the sample to 240 observations. Standard errors are robust to heteroskedasticity.
The parameter of interest is (p), which measures the effect of intergenerational mobility on future growth in household expenditure per capita at the p-th percentile. OLS estimation of (p) may be subject to three potential sources of bias: Nickell bias (Nickell 1981) , omitted variables bias, and reverse causality bias. Nickell bias emerges as controlling for the time-invariant location FE introduces a correlation between the residuals and the lagged dependent variable (and selected independent variables). We minimize this bias by using grouped FE (i.e. zone instead of stateregion FE) combined with using an inclusive set of control variables that includes both timevariant and time-invariant variables. This strategy also helps limit bias due to omitted variables. We further address the concern of omitted variables bias by considering an expansion to the set of control variables (at the expense of losing a number of observations as the additional controls are not available for the full set of state-regions).
The third potential source of bias, due to reverse causality, may emerge when intergenerational mobility is itself driven by innovations in the standard of living in the state-region measured by household expenditure per capita. This concern is partially mitigated by using lagged independent variables; it is less likely that socio-economic mobility today is due to changes in the standard of living over the next five years (controlling for today's standard of living). However, when intergenerational mobility is highly persistent, reverse causality cannot be ruled out entirely. We address this concern by constructing an instrument for intergenerational mobility. The resulting instrumental variables regression serves as our preferred method of estimation.
Intergenerational mobility: First-stage results
Our instrument for intergenerational mobility essentially consists of the local share of the Brahman caste in 1931 and the local share of scheduled tribes in 1961, both interacted with national trends in intergenerational mobility. Specifically, we regress intergenerational mobility on the local shares of Brahman and scheduled tribes interacted with the six time-period dummy variables to allow for non-linear time-trends, and use the predicted values from this regression as our instrument. The Brahman caste are among the first to take up Western education and arguably have played an important role in spreading education in India. In contrast, the scheduled tribes rank among the most disadvantaged in India and historically have had limited access to education. On the basis of this one would expect socio-economic mobility to be positively correlated with the share of Brahman and negatively correlated with the share of scheduled tribes. This is confirmed in Table  2 that shows the results from the first-stage regression. The correlation with the share of Brahman is found to be stronger. Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005 and 2012) and Castelló-Climent et al. (2017) .
The motivation for using the share of Brahman and share of scheduled tribes in 1931 and 1961, respectively, is that the resulting instrument is plausibly orthogonal to changes in household welfare between 1983 and 2011 conditional on initial household welfare. While this benefits the validity of the instrument, it may weaken its strength. Indeed, the correlation between the instrument and observed mobility for any given year ranges between 0.11 and 0.33.
Intergenerational mobility and inclusive growth
The estimates of Equation 3 obtained from the instrumental variables regression are presented in Table 3 . The regression coefficients corresponding to intergenerational mobility are also plotted in Figure 13 . The following observations stand out. First, intergenerational mobility is found to have a positive effect on growth for all percentiles, although the effects are not statistically significant. Second, the effect is visibly larger (and almost significant) at lower percentiles. This is consistent with the hypothesis that higher intergenerational mobility is good for growth, particularly for inclusive growth as those held back by an uneven playing field tend to be concentrated towards the bottom of the income distribution. Note that this finding also predicts a negative relationship between intergenerational mobility and inequality: higher mobility is associated with inclusive growth which in turn is associated with lower inequality. Estimates obtained using OLS (shown in Appendix B1) are qualitatively similar. Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 , Census of India (2001 , 2011 ), Castelló-Climent et al. (2017 , and Government of India (2012-15a, 2012-15b) .
Let us also briefly comment on the effects of the control variables. 7 A high share of working age population is found to be a positive force for growth, particularly for growth at the high end of the distribution (among the better-off). Growth is also found to be higher in state-regions where there is more employment in manufacturing and services and less employment in agriculture. Access to electricity and the share of individuals residing in urban areas is either insignificant or is negatively associated with growth. This might suggest that an important share of the growth may be originating in rural areas. Financial inclusion measured by (the log of) the number of banks per capita is found to have a positive effect on growth, although the coefficient is not significant except for the 75th percentile. Education measured by the average years of schooling and the share of Christians also have a positive yet insignificant effect. The lack of significance of education is perhaps somewhat surprising. Finally, inequality in household expenditure per capita is found to have a negative effect on future growth. The effect is significant at high percentiles but not at lower percentiles. This effect, however, could be in part mechanical; it can be verified that if household expenditures follow an autoregressive process (for each household) where state-region inequality does not feature as an independent variable, then inequality would be negatively correlated with anonymous growth at the top end of the distribution and positively correlated with growth at the lower end. Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 , Census of India (2001 , 2011 ), Castelló-Climent et al. (2017 , and Government of India (2012-15a, 2012-15b) .
The estimates for the control variables obtained using OLS are mostly similar with two notable exceptions: (a) the positive effect of financial inclusion and its significance is increased, and (b) the coefficient associated with the share of Christians is now positive and significant for all percentiles. Next, we expand the set of control variables in an effort to further address concerns of omitted variables bias. It should be noted, however, that doing so we reduce the number of observations to 198-200 as the additional controls are not available for the state-regions of small states. The added controls include: (a) log of market access, which captures the extent of domestic market integration, (b) public expenditures as a share of local GDP, (c) voter turnout in the most recent state-election, and (d) political competition measured by the share of votes going to the second largest political party minus the share going to the largest party. The total number of observations used in the regression analysis is reduced from 240 to 198-200. We use the exact same instrument for our measure of intergenerational mobility. (See Table 2 for the first-stage regression results.) Table 4 presents the instrumental variables estimates for the growth regressions using the expanded set of controls, and Figure 14 plots the coefficients corresponding to intergenerational mobility. While the relationship between intergenerational mobility and growth at the different percentiles is similar to the one obtained using the smaller set of controls, the significance of this relationship is notably stronger when the expanded set of controls is used. The effect of mobility is now positive and strongly significant for growth at low percentiles while it is small and insignificant at higher percentiles. This confirms that higher socio-economic mobility is good for growth, particularly for inclusive growth.
While the coefficients corresponding to the added controls are not statistically significant, the effects are economically significant (and nearly statistically significant) in two notable cases: (a) market access has a positive effect on growth at top end of the distribution, while (b) public expenditures is found to have a positive effect on growth at the bottom end of the distribution. Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 
Intergenerational mobility and human capital
We conjecture that human capital accumulation denotes an important channel via which intergenerational mobility impacts on growth and on the degree of 'inclusivity' of growth. To explore the plausibility of this conjecture, we consider changes in years of schooling for individuals with different parental education backgrounds as dependent variable. Let hit(k) denote the average years of schooling in sub-region i and time t for boys whose father have an education level equal to k. Five different levels for father education are considered: (1) illiterate, (2) below primary, (3) primary, (4) secondary, and (5) tertiary degree. Assume that human capital accumulation at different parental education backgrounds can be described by: with hit(k)=hit(k)−hit−1(k), where again Mit−1 denotes our measure of relative intergenerational mobility, xit is a vector of control variables, i(k) represents zone FEs, and t(k) denotes time FEs. Our prediction is that the effect of intergenerational mobility measured by (k) is positive and declines with k. The effect of mobility on human capital accumulation is arguably zero for individuals from highly advantaged backgrounds, for whom it matters less whether or not the playing field is even.
We use the exact same instrument for intergenerational mobility and the same set of core controls. However, one variable is added to the expanded set controls, namely government expenditure on education as a share of (local) GDP.
Using years of schooling as the dependent variable, there are no observations identified as outliers (based on either the studentized residual or the Cook's distance statistic). In the OLS regressions (see Appendix B1) with either the core or expanded set of controls, the number of observations equals 270 and 200, respectively. For the instrumental variables regressions, we have a total of 240 and 200 observations, respectively. Standard errors are robust to heteroskedasticity.
The instrumental variables estimates of Equation 4 using the core set of controls are shown in Table 5 . The estimates of (k) are also plotted in Figure 15 . These estimates confirm that mobility has a positive and significant effect on human capital accumulation of individuals with less than highly educated parents, while the effect is insignificant for individuals with highly educated parents (for whom it matters less whether or not the playing field is level). This result is robust to the choice of controls. Using the expanded set of controls changes very little (see Table 6 and Figure 16 ). Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( and 2012 Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 , Census of India (2001 , 2011 ), Castelló-Climent et al. (2017 , Government of India (2012-15a, 2012-15b) , ICRISAT (n.d.) , and (STICERD and LSE 2005-19) .
Let us also briefly highlight coefficients obtained for selected controls. Many of the controls are insignificant (when also controlling for zone FE; omitting zone FE increases the significance of the controls). The control whose significance stands out is (log of) market access, which is found to have a positive effect on human capital accumulation across all parental backgrounds (Table 6 ). Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 , Census of India (2001 , 2011 ), Castelló-Climent et al. (2017 , Government of India (2012 -15a, 2012 , ICRISAT (n.d.) , and (STICERD and LSE 2005-19) .
Conclusion
Despite a consistently high economic growth rate in the past decades, India stands out as one of the countries with the least social mobility and rising income inequality. The historical segregation of ethnic groups with lower socio-economic status led to large differences in socio-economic outcomes in different regions in India. Since India's independence, affirmative action programmes were meant to increase opportunities for scheduled castes and tribes and other backward castes, which resulted in varying degrees of success. These conditions and the high quality of historically available data mark India as one of the most interesting cases to study intergenerational social mobility and its effect on economic growth and human capital accumulation at different rungs of the socio-economic ladder.
We study the period between 1983 and 2011. During this period, illiteracy decreased from one in three young adult men (ages 20-25 years) to 10 per cent, and the percentage of high school graduates increased from 23 to 55 per cent. A large part of the gains in educational attainment occurred among the most disadvantaged socio-economic groups with illiterate fathers. Despite these positive developments, we do not find conclusive evidence in the data that socio-economic mobility is improving in India.
This makes it all the more important to investigate the potential benefits of higher socio-economic mobility in India. We hypothesize that higher socio-economic mobility leads to higher economic growth, which at the same time benefits particularly the lower socio-economic groups (inclusive growth). Using upward mobility to measure intergenerational socio-economic mobility as proposed by Asher et al. (2018) , we find evidence for this hypothesis. The effect estimated using instrumental variables regression is the strongest in the sample of large states of India (using the expanded set of controls).
We further conjecture that human capital accumulation denotes an important channel via which intergenerational mobility has an impact on growth and on the degree of 'inclusivity' of growth. We test this hypothesis by investigating the effect on upward mobility on the years of education of boys in the age group 20-25 years conditional on their father's education level. Our results indicate that upward mobility particularly increases the educational attainment of boys whose fathers are in the lower ranks of the education ladder (below primary).
These results suggest that policies aimed at improving socio-economic mobility not only improve the socio-economic position of disadvantaged groups, thereby decreasing inequality, but they also have a beneficial effect on the performance of the economy. Further research is needed to elaborate on the channels that arise from these effects.
A2 Consumer price index
The consumer price index (CPI) is used to correct for differences in prices between urban and rural areas, different states within the survey rounds, and inflation between the survey rounds. We obtained information on the CPI from different data sources for the major states, which we combined to calculate the CPI with a reference period of 2004-05 for rural all India.
The main data sources are the time series of the CPI for agricultural labourers (CPI-AL) obtained for the period of 1982-83 to 2012-13, and the time series of the CPI for industrial workers (CPI-IW) obtained for the period of 1994-95 (or 2001-02) to 2011-12. These series are available on a yearly basis for the major states. However, they can only be compared across time and not across states and urban/rural areas.
To create spatial comparability of the CPI series, we use the poverty lines for 2004-05 and calculate the relative prices compared with the urban all-India poverty line. The obtained ratios are used to normalize the CPI-AL and CPI-IW series. The obtained (comparable) CPI values are used for rural areas in the 1983, 1987-88, 1993-94, 2004-05, 2009-10, and 2011-12 survey rounds, and urban areas of the 2004-05, 2009-10, and 2011-12 survey rounds.
In order to obtain CPI values for urban areas for the 1983, 1987-88, and 1993-94 survey rounds, we consulted two other data sources. The Planning Commission provided the average monthly per capita consumption expenditure (MPCE) at current and constant prices (base 1993-94) for urban and rural areas of major states for periods including 1983, 1993-94, and 2004-05 . The 2004-05 series provides a good match with the CPI-AL and CPI-IW series, and these values are used to calculate the CPI for urban areas for the 1983 and 1993-94 survey rounds (in the major states). In order to obtain urban CPI for the 1987-88 round, the study by Deaton and Tarozzi (1999) was consulted, which provide the price factors between the 1987-88 and 1993-94 survey rounds (see Deaton and Tarozzi 1999: 41) .
These data sources make it possible to adjust for inflation between the survey rounds. In order to correct for inflation within the survey rounds by quarter of survey, the CPI values for the year following the survey rounds are approximated using log-linear approximation where necessary (urban areas). The quarterly CPI values are then approximated using log-linear approximation for all survey rounds.
These procedures provide us with the CPI for the major states. We use the CPI values of the neighbouring major states to approximate the CPI of the smaller states (where historical CPI data is not available) for all rounds except the 2011-12 round. The following rules are followed:
• 
A3 Industry and occupational codes
Three-digit industry and occupation codes are provided following the National Industrial Classification and National Classification of Occupations. In the last three decades several changes have occurred to these registers, which had to be harmonized among the survey rounds. Because we are only interested in broad levels of classifications, we only harmonized the codes at the twodigit level, and grouped them into the following categories for industry:
• Notes: Heteroskedasticity robust standard errors reported (*P=0.10, **P=0.05, ***P=0.01). Regressions control for year and region fixed effects (FEs) (not reported). AR(1) stands for lagged dependent variable in levels. Upward mobility for co-residing boys aged 20-25 years.
B1 Ordinary least square (OLS) regression results
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Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 , Census of India (2001, 2011) and Government of India (2012-15a, 2012-15b). Notes: Heteroskedasticity robust standard errors reported (*P=0.10, **P=0.05, ***P=0.01). Regressions control for year and region FEs (not reported). AR(1) stands for lagged dependent variable in levels. Upward mobility for co-residing boys aged 20-25 years.
Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 , Census of India (2001, 2011) , Government of India (2012-15a, 2012-15b), ICRISAT (n.d.), and (STICERD and LSE 2005-19) . Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 , Census of India (2001, 2011) , and Government of India (2012-15a, 2012-15b). Notes: Heteroskedasticity robust standard errors reported (*P=0.10, **P=0.05, ***P=0.01). Regressions control for year and region FEs (not reported). AR(1) stands for lagged dependent variable in levels. Upward mobility for co-residing boys aged 20-25 years.
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Source: Authors' compilation based on data from NSSO (1983, 1988, 1994, 2000, 2005, 2012) , RBI (1998 RBI ( , 2000 RBI ( , 2005 RBI ( , 2012 , Census of India (2001, 2011) , Government of India (2012-15a, 2012-15b), ICRISAT (n.d.), and (STICERD and LSE 2005-19) .
